Abstract
Introduction
Video technologies and image processing techniques used as a tool for inspection, monitoring, and diagnosis have long been adopted by various fields, most notably by medicine and remote sensing. However, its use in transportation is still not widespread. The reason is that the amount of data to be processed could be very large and repetitive, while the accuracy requirements may not be as strict as in, say, medical diagnosis. Moreover, conventional visual and manual pavement distress analysis approaches in which the inspectors traverse the roads, stop and measure the distress objects, are very costly, time-consuming, labor-intensive, and unstable. Therefore, automated analysis and pattern recognition is highly desirable for pavement inspection.
The intensity matrix from an image with a pavement crack contains three types of variations: (1) nonuniform background illumination, a very low-frequency signal; (2) pavement distress or non-distress irregularities (stains or dark materials on surface) having highfrequency components on the edges; (3) noise, caused by heterogeneous materials and granularity, a random, high-frequency, and low-to medium-amplitude signal [3] . In addition, the healthy pavement surface presents texture variations due to the nature of its ingredients and especially due to the presence of the mineral aggregates which results in strong variations in color.
There has been a significant amount of research during the past two decades in developing automated pavement inspection. Xu and Huang developed a customized image processing algorithm for pavement cracking inspection in which an image is divided into small cells and a cell is classified as either crack or noncrack seeds based on its local characteristics [1] . After verification, a cluster of seeds is identified as a real crack. Maser [2] used histogram equalization to improve the contrast of the images, and proposed a threshold-based segmentation. Li [3] used Sobel edge detectors and modified the automatic threshold determination method suggested by Kittler and Illingworth, in order to connect the crack segments to form a continuous cluster of object pixels. They relied on the assumption, that noise clusters had a perimeter less than twenty pixels.
Koutsopoulos [4] proposed a lighting variations compensation method by subtracting an average of a few non-distress images from the same series. For segmentation, instead of ordinary binary segmentation which assigns a value of one to object pixels and a value of zero to background pixels, resulting in a binary image, a different approach is suggested, and it assigns values from 0 to 3 to each pixel, based on its probability of being an object pixel. Background pixels are drawn from the Gaussian distribution. Object pixels are drawn from a similar distribution with a lower mean and a higher variance. The threshold that meets various criteria can be obtained from these two distributions. Chou et al. [5] used moment invariants from different types of distress to obtain the features, and then used a back propagation neural network to classify the features. A. Georgopoulos, et al. [6] proposed a method in which the distress can be represented by a set of vectors, approximating the cracks composing the distress. Then the direction vectors are grouped into two categories, horizontal and vertical, and the cracks are classified based on their presence.
Cheng et al. [7] proposed an approach based on fuzzy set theory. First, the proposed method compares the darkness of the pixels and their neighbors by deciding the brightness membership function for gray levels in the difference image. Second, the fuzzified image is mapped into the crack domain by finding the crack membership values of the pixels. Third, the connectivity of the darker pixels is checked to eliminate the pixels lacking in connectivity. Finally, an image projection algorithm is employed to classify the cracks.
The use of a discrete wavelet transform (DWT) has also been explored for crack image analysis. Using a fast wavelet transform, a pavement image can be decomposed into different frequency sub-bands. The magnitude of the wavelet coefficients represents the level of distress [8] [9] [10] . Javidi et al. [11] defines two wavelets which are, respectively, the partial derivatives along x and y of a two-dimensional smoothing cubic spline wavelet function. By measuring the evolution across scales of the wavelet transform maxima, the background noise can be separated from the important cracks. Then, the crack map images are projected into the Hough transform domain to quantify the number of dominant cracks in a given image.
In this paper, we propose a method based on beamlet transform to extract crack features from the images of the pavement. Initially, a filtering technique is used to enhance the image with non-uniform illumination. A beamlet transform which is a robust method for curvilinear feature extraction is then applied to extract various types of the pavement surface cracks.
Non-uniform background
In general, the product of illumination and surface reflectance determines the pixel intensity values in an image. For the automatic pavement crack detection system, due to non-uniform lighting conditions, and the pavement's reflectance, the background may have different intensities in different areas. The brightness information is the key to detecting cracks, thus a nonuniform background will cause classification errors. The non-uniform background intensity effects must be eliminated so that the background has a uniform average intensity while cracks will still have lower intensities.
Consider a pixel P in a pavement image, and its intensity 
Most algorithms for removing the non-uniform background use statistical properties of the pavement distress images. After separating the image into small windows, the idea is to use a factor to adjust the mean value of each window to the target value B. However, some image windows will contain cracks or other objects. The crack gray level is always much lower, and it will lower the mean value of the gray level. Thus, it is necessary to remove the effect of the cracks. The proposed image improvement process for a non-uniform background includes the following steps: 1). Divide the image into rectangular windows. In this paper, the image base is 256*256, and the window size is set to 16*16 pixels.
2). Calculate the mean, minimum, and maximum gray level of each window. Denote them as mean G , min G and max G .
3). Set an upper limit and a lower limit, for which the points with gray levels outside the limitations are considered as suspicious points for noise, crack, or other objects on the road. In this paper, we set the limitation factor to 30%. [12] . Fig. 1 shows beamlets at different scales. For crack detection of pavement images, in order to reduce the calculations, no multiscale is involved. For the purposes of this paper, the image (256*256) is divided into blocks (16*16), and the beamlet in each window is analyzed. For each window, apply the Beamlet transform, and the beam which provides the max value will be taken, and then thresholded. The length of it is taken as the length of the cracks in this block. In this paper, the threshold is set to 1.0.
Crack Detection and Extension
To obtain a connected crack for further analysis, the neighboring blocks need to be checked for further extensions. Using a technique originally proposed in reference [7] , the beam can be extended by analyzing the neighbors for the presence of a crack feature. The definition of each direction and extensible directions of each direction is shown in Fig. 3 .
Fig. 3. Direction indices for extension
To obtain an extended crack, we follow the following steps: 1). Scan block by block from left to right, top to bottom, and find the first block with a crack feature. Then begin checking the extension from it.
2). Check neighboring blocks.
3). If there are no cracks detected in the neighboring blocks, then the current crack in the current block is considered to be noise. Delete the block and return to step 1. 4). If there is more than one neighboring block with a crack feature, mark it as a branch root candidate to be revisited later for extensions. However, continue the extension in the direction that produces the longest beam by checking its neighboring blocks. 5). Repeat steps 2 to 4, until there are no extension blocks. Remove all the blocks that have been checked in this run. 6). After completing step 5, return to the branch root candidate block and go to step 2 to check the other extension directions starting from that node. 7). Repeat steps 1 to 6, until there are no crack blocks remaining.
Crack Classification
Cracks in the pavement images generally possess linear features, noise, and are discontinuous. Additionally, the pavement images have specific patterns, which will affect crack detection with traditional pixel-level filtering. Beamlet transform will be a suitable algorithm for crack detection.
Following the above crack extension procedures, cracks are extracted and their projection in horizontal and vertical directions can be measured. This will in turn provide the information necessary for crack classification. 143
Cracks are classified into 4 types: vertical, horizontal, transverse, and block types. The features of each type are listed in Table 1 . For each window, the max Beamlet transform value is defined as the crack length in the block. And the total crack length is defined as the sum of all the blocks along the crack. 
Conclusion
This paper presents a Beamlet transform based technique to extract the linear features from pavement crack images. Beamlet transform provides an effective method for the extraction of curvilinear features such as cracks in pavement images. Initially, an enhancement method is applied to reduce the effects of noise and undesired objects to a Beamlet transform. Experimental results demonstrate that the proposed method is very effective with the presence of noise in pavement images.
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